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Abstract: 

 The project Automated Rail Health Assessment with High-Frequency Vibration Sensors focuses on developing a smart, 

affordable, and scalable monitoring system to evaluate the structural condition of railway tracks in real time. Traditional manual 

inspections are time-consuming and often fail to detect internal defects at an early stage. To address this limitation, the proposed 

system uses a vibration-based diagnostic approach that continuously captures mechanical responses from the tracks and converts 

them into meaningful indicators of rail health. This approach ensures uninterrupted monitoring, making it highly suitable for large 

railway networks where constant safety checks are essential. At the core of the system is the integration of an ADXL335 

accelerometer with an ESP8266 microcontroller, forming a compact IoT measurement unit. The accelerometer records high-

frequency vibration signatures from the rail surface, while the ESP8266 wirelessly transmits the captured data to the ThingSpeak 

cloud platform. This cloud linkage enables efficient data storage, visualization, and remote access. By keeping the overall 

hardware design simple and low-cost, the system ensures easy deployment in the field and supports real-time decision-making by 

maintenance teams. The received vibration data is further processed using MATLAB, where noise filtering, signal conditioning, 

and feature extraction techniques are applied to isolate critical patterns that represent rail defects. Machine learning algorithms are 

then trained to classify different rail conditions such as cracks, misalignments, loosened joints, and early structural fatigue. The 

classification output helps in detecting abnormalities at an early stage, enabling predictive maintenance rather than reactive 

repairs. This shift greatly reduces maintenance costs and operational disruptions. Overall, the automated IoT-based monitoring 

framework enhances railway safety by minimizing human error and reducing reliance on manual inspections. The system’s ability 

to detect faults early helps prevent serious incidents like derailments and track failures. Its scalability makes it suitable for 

adoption across both rural and urban railway networks, contributing to the development of smart, future-ready rail infrastructure. 

This project demonstrates how combining sensors, IoT connectivity, cloud computing, and machine learning can significantly 

improve the reliability and longevity of railway systems. 

Key Words: Rail Health Monitoring, ADXL335, IoT, ESP8266, Vibration Analysis, Machine Learning, Predictive Maintenance, 

ThingSpeak, MATLAB. 

1. Introduction: 

 Railway transportation remains one of the most widely used and essential modes for both passenger and freight 

movement. As railway networks expand and train speeds increase, maintaining track reliability and structural integrity becomes 

critically important. Railway tracks are continuously exposed to dynamic loads from moving trains, environmental variations, and 

long-term material fatigue. These factors gradually lead to defects such as cracks, wear, and misalignment, which, if undetected, 

can result in derailments, service disruptions, and high maintenance costs. Traditional inspection methods, including manual 

surveys, visual checks, and ultrasonic testing, have several limitations. They are time-consuming, depend heavily on human 

judgment, and do not provide continuous monitoring. Early-stage and internal defects often remain unnoticed until they develop 

into serious failures. Hence, there is a need for an automated and real-time monitoring system. 

 Recent advancements in IoT, embedded systems, and machine learning have enabled smarter solutions for structural 

health monitoring. High-frequency vibration analysis is an effective technique for detecting abnormalities, as even minor 

structural changes alter vibration patterns. Sensors like the ADXL335 can capture these variations, and when integrated with the 

ESP8266 microcontroller, enable real-time data acquisition and wireless transmission. Cloud platforms such as ThingSpeak allow 

efficient data storage, visualization, and remote access, while MATLAB supports advanced signal processing and machine 

learning-based classification. By analyzing vibration features, the system can identify rail conditions and detect defects at an early 

stage. This project proposes a low-cost, scalable IoT-based rail health monitoring system that enables continuous monitoring and 

predictive maintenance. The integration of vibration sensing, cloud computing, and machine learning improves safety, reduces 

manual effort, and enhances the reliability of modern railway infrastructure. 

A. Need for Rail Health Monitoring: 

 Railway track defects do not appear suddenly; instead, they develop gradually due to mechanical fatigue, thermal 

expansion, corrosion, and continuous wheel-rail interactions. Many of these defects are microscopic during their early stages, 

making them difficult to identify through visual inspection or periodic testing. Conventional techniques like ultrasonic scanning 

require specialized equipment and trained personnel, and they cannot provide continuous feedback about the track’s condition. In 
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contrast, an IoT-enabled vibration monitoring system ensures round-the-clock surveillance, capturing real-time signals that reflect 

the structural behavior of the rail. Continuous monitoring allows authorities to detect anomalies much earlier, plan maintenance 

activities proactively, and prevent unexpected failures. The shift from reactive to predictive maintenance significantly reduces 

risks, enhances operational safety, and optimizes resource utilization.  

B. Motivation: 

 Railway derailments, structural failures, and service disruptions not only endanger lives but also impose large financial 

burdens on rail authorities. The economic impact includes infrastructure repair costs, train delays, operational losses, and 

reputational damage. With the increasing adoption of high-speed rail systems and higher traffic density, relying solely on manual 

inspection methods is no longer practical. The motivation for this project stems from the need to develop a low-cost, automated, 

and accurate monitoring solution that can continuously assess rail health. Utilizing vibration sensors, wireless IoT modules, and 

advanced analytics offers a practical alternative to expensive industrial systems. Such a system can be deployed across long rail 

stretches, enabling smart maintenance practices and improving overall efficiency. 

C. Problem Statement: 

 Current railway inspection methods fail to effectively detect early-stage defects, especially those that develop internally 

or grow slowly over time. Most manual and sensor-based inspections are periodic rather than continuous, leaving long gaps during 

which defects may progress unnoticed. There is a lack of affordable and scalable solutions capable of capturing continuous 

vibration data, analyzing it intelligently, and providing actionable insights. Therefore, a real-time, automated rail health 

monitoring system based on vibration analysis and machine learning is required to accurately identify cracks, misalignments, and 

wear patterns before they lead to failures. 

D. Objectives: 

 The key objectives of this project are: 

 To capture high-frequency vibration signals from railway tracks using the ADXL335 accelerometer. 

 To transmit the acquired data wirelessly to the ThingSpeak cloud platform using the ESP8266 microcontroller. 

 To process the sensor data in MATLAB by performing filtering, noise reduction, feature extraction, and pattern analysis. 

 To classify rail conditions using machine learning algorithms and identify potential structural defects. 

 To enable predictive maintenance by providing timely alerts and reducing the dependency on manual inspections. 

E. Scope of the Study: 

 This study focuses on developing a prototype IoT-based vibration monitoring system that demonstrates the feasibility of 

automated rail defect detection. The scope includes sensor integration, wireless data transfer, cloud-based analytics, and machine-

learning-based classification. While the prototype effectively showcases early fault detection, large-scale deployment, long-term 

power management, ruggedized hardware design, and integration with advanced railway management systems are beyond the 

current study but represent promising areas for future expansion. 

2. Literature Review: 

 Haile et al. (2025) proposed a machine learning-driven real-time cyber threat classification system characterized by a 

multi-layered architecture that continuously collects, analyzes, and categorizes incoming data streams. Their approach to 

structuring real-time monitoring pipelines provides a strong conceptual foundation for designing our IoT-based vibration 

assessment system, particularly in terms of how data should be processed, filtered, and analyzed without delay. 

 Timilsina et al. (2023) introduced machine learning models for detecting battery degradation by analyzing subtle 

variations in performance metrics. Their methods for extracting meaningful patterns from noisy sensor signals directly 

influence the design of our vibration feature-extraction process. The way they handle non-linear sensor behavior and 

environmental variations helps guide our modeling of rail vibration responses. 

 Mirza and Li (2024) conducted a comprehensive review of anomaly detection in cyber-physical systems (CPS), focusing 

on the role of machine learning in identifying abnormal sensor patterns. Their discussion on managing sensor noise, 

implementing edge intelligence, and using predictive algorithms forms a strong theoretical base for our system. These 

insights are especially useful for ensuring accurate and noise-resilient interpretation of rail vibration data. 

 Suresh and Raghavan (2022) applied deep learning techniques to detect railway cracks and demonstrated that vibration-

based approaches significantly outperform conventional manual inspections. Their findings validate the effectiveness of 

using vibration signatures for identifying structural irregularities and reinforce the relevance of adopting automated 

sensing systems for rail safety assessments. 

 Patel and Thakur (2021) developed an IoT-enabled vibration monitoring system for structural health analysis. Their work 

confirms that low-cost IoT sensors can reliably capture real-time mechanical variations in infrastructure. This supports 

the feasibility of deploying our ESP8266-ADXL335-based monitoring unit for continuous rail condition assessment. 

 Banerjee and Kumar (2020) examined the broader applications of IoT sensors in predictive maintenance across the 

transportation sector. Their emphasis on early fault identification and condition-based maintenance strategies strengthens 

the rationale behind our project’s goal of shifting from reactive inspection to predictive maintenance in railway systems. 

 Fernando and George (2022) utilized accelerometer data combined with FFT analysis and machine learning techniques to 

detect rail defects. Their work highlights the effectiveness of frequency-domain analysis in isolating defect-related 

vibration signatures, which directly aligns with our MATLAB signal-processing workflow. 

 Murugan and Rao (2023) explored multisensor crack detection using machine learning and demonstrated that fusing data 

from multiple sensing modalities increases overall detection accuracy. Their findings help justify the potential scalability 

of our system toward incorporating additional sensors in future enhancements. 

 Devi and Anusha (2021) implemented an IoT-based remote monitoring framework for railway track health using 

vibration and strain sensors. Their system proves the practicality of wireless communication platforms for real-time 

condition monitoring, offering valuable insights into cloud connectivity and data handling for our design. 
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 Ahmed and Ibrahim (2020) reviewed various machine learning techniques for crack detection and concluded that ML 

models consistently outperform manual inspections in terms of accuracy and reliability. Their observations reinforce the 

importance of integrating machine learning into our project’s classification component to achieve dependable and 

scalable rail health diagnostics. 

3. Methodology: 

A. Existing System: 

 The current railway inspection process relies heavily on manual techniques such as visual scanning by track workers, 

ultrasonic inspection tools, and periodic mechanical checks. While these methods provide basic maintenance coverage, they are 

inherently slow and inconsistent due to their dependence on human judgment and environmental conditions. Small internal cracks 

and early-stage structural defects often remain unnoticed because inspectors cannot continuously monitor long stretches of track. 

Although advanced inspection vehicles equipped with high-end sensors exist, they are extremely expensive and impractical for 

daily or continuous monitoring on large railway networks. This gap highlights the need for an automated, scalable, and real-time 

monitoring solution. 

B. Disadvantages of Existing System: 

 The limitations of the traditional inspection approach include: 

 Not continuous - inspections occur only at scheduled intervals, leaving long periods unmonitored. 

 Labor intensive - requires skilled personnel and significant man-hours. 

 Human errors - fatigue, visibility issues, and subjective judgment reduce reliability. 

 High cost - sophisticated inspection vehicles and tools are expensive to deploy regularly. 

 Limited scalability - expanding manual inspection coverage across hundreds of kilometers is impractical. 

C. Proposed System: 

 The proposed monitoring framework deploys a compact IoT unit using the ADXL335 accelerometer interfaced with an 

ESP8266 Wi-Fi-enabled microcontroller. This combination collects rail vibration data in real time and uploads it to the 

ThingSpeak cloud platform for storage and visualization. MATLAB then retrieves the data via API, preprocesses the vibration 

signals, and extracts meaningful features that represent different track conditions. Machine learning models classify the rail health 

into categories such as Normal, Worn, Cracked, or Misaligned, enabling automated decision-making. 

 
Advantages: 

 24/7 continuous monitoring for instant fault detection 

 Low-cost hardware suitable for scalable deployments 

 Accurate ML-based classification for reliable diagnostics 

 Early fault detection to prevent derailments 

 Flexible IoT architecture that supports expansion across networks 
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D. Architecture Diagram: 

 The system architecture follows a multi-layered pipeline consisting of: Sensing Layer → Onboard Processing Layer → 

Cloud Storage → MATLAB ML Analytics → Output Prediction Dashboard. Each layer ensures seamless data flow from raw 

vibration capture to fault classification. 

E. Module Description: 

 Vibration Sensing Module: The ADXL335 accelerometer captures three-axis vibration signatures directly from the rail 

surface. Its high sensitivity enables detection of micro-level structural variations that may indicate cracks or early fatigue. 

 Microcontroller Processing Module: The ESP8266 performs analog-to-digital conversion (ADC), organizes the sensor 

values into packets, applies basic filtering, and transmits the processed vibration data to the cloud via built-in Wi-Fi 

capabilities. 

 Cloud Communication Module: The ThingSpeak platform stores time-stamped vibration signals and provides real-time 

data visualization tools such as charts and trend plots. This ensures remote access and historical analysis. 

 MATLAB Analytics Module: MATLAB retrieves the stored data using API calls, performs preprocessing and noise 

filtering, extracts key features, and runs machine learning algorithms to classify the rail condition. It acts as the central 

processing engine for intelligent decision-making. 

 Fault Interpretation Module: Based on ML model predictions, this module labels the track condition as Normal, Wear 

Detected, Crack Detected, Misalignment, or Alert. These outputs support timely maintenance planning. 

F. Data Acquisition: 

 Vibration data is continuously collected by the ADXL335 accelerometer. The ESP8266 microcontroller digitizes the 

analog readings using its ADC, forms structured packets, and uploads them to the ThingSpeak cloud. The real-time transmission 

enables continuous monitoring without manual involvement. 

G. Preprocessing & Filtering: 

 To improve signal quality, several preprocessing steps are applied in MATLAB: 

 Low-pass filtering to remove high-frequency environmental noise 

 Noise removal algorithms for cleaner vibration patterns 

 Window segmentation to divide continuous signals for easier ML training 

 Normalization to maintain uniform scale across samples 

 Drift correction to stabilize sensor output over long durations 

 Clean and stable data significantly enhances machine learning model performance. 

H. Block Diagram: 
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I. Feature Extraction: 

 Both time-domain and frequency-domain features are extracted to capture the full behavior of the rail vibrations: 

 Time Domain: RMS, peak amplitude, mean, skewness, kurtosis 

 Frequency Domain: FFT components, dominant frequency peaks, spectral entropy 

 Statistical Features: autocorrelation values, zero-crossing rate (ZCR), band-energy ratios 

 These features help differentiate between normal vibrations and defect-specific patterns. 

J. Machine Learning Model Development: 

 The machine learning workflow involves: 

 Dataset preparation from collected and preprocessed vibration samples 

 Algorithm selection, typically SVM, Random Forest (RF), KNN, or Decision Tree classifiers 

 Training the models with labeled datasets 

 Testing and cross-validation to ensure generalization and reliability 

 Deployment inside MATLAB, allowing live classification of incoming data 

 Model evaluation uses standard metrics including accuracy, precision, recall, F1 score, and the confusion matrix, 

ensuring robust performance tracking. 

4. System Implementation: 

A. Software Requirements: 

 The system development relies on a combination of lightweight embedded programming tools and advanced data 

analytics platforms. Arduino IDE is used for writing, compiling, and uploading firmware to the ESP8266 microcontroller. 

Embedded C forms the core programming language used within the ESP8266 environment to manage sensor interfacing and data 

acquisition. ThingSpeak, a cloud-based IoT analytics platform, is utilized to store, visualize, and manage real-time vibration data. 

Finally, MATLAB acts as the primary environment for signal processing, feature extraction, machine learning model 

development, and classification workflows. 

B. ESP8266 Firmware (Embedded C): 

 The ESP8266 is programmed using Embedded C to execute essential tasks such as ADC sampling, Wi-Fi authentication, 

and structured data transmission. The firmware continuously reads analog vibration inputs from the ADXL335 sensor, converts 

them into digital values, and ensures stable sampling through calibrated timing loops. It then establishes a Wi-Fi connection using 

predefined credentials and uploads the real-time sensor data to the ThingSpeak API using HTTP GET/POST requests. This 

firmware acts as the backbone of the IoT pipeline, enabling seamless, low-latency communication from sensor to cloud. 

C. Arduino IDE Use: 

 The Arduino IDE provides the complete environment for coding, compiling, and debugging the ESP8266 firmware. 

Developers can monitor serial outputs to validate sensor readings, detect anomalies, and verify the stability of Wi-Fi 

communication. The IDE also includes board manager support for configuring ESP8266 modules and handles flashing of 

compiled code onto the microcontroller. This streamlined workflow ensures efficient development, quick updates, and easy 

troubleshooting during prototype refinement. 

D. ThingSpeak Cloud: 

 ThingSpeak serves as the cloud platform for receiving and analyzing the uploaded vibration data. Each sensor parameter 

is stored in dedicated channels, allowing real-time plotting and trend visualization. The platform also maintains historical logs, 

enabling long-term analysis and the identification of patterns associated with rail wear or crack progression. ThingSpeak’s API 

integration ensures smooth data flow from the ESP8266 and allows MATLAB to retrieve datasets directly for advanced 

processing. Its dashboard-style visualization helps engineers monitor system health remotely. 

E. MATLAB Implementation: 

 MATLAB plays a crucial role in transforming raw vibration data into actionable insights. The software retrieves data 

from ThingSpeak via API, applies signal preprocessing techniques such as filtering, drift correction, and segmentation, and then 

performs FFT analysis to understand the frequency characteristics of the rail vibrations. Key time-domain and frequency-domain 

features are extracted and used to train machine learning classifiers such as SVM, Random Forest, and KNN. MATLAB’s 

classification scripts evaluate model accuracy, generate confusion matrices, and finally deploy the trained model for continuous 

rail condition prediction. 

F. Simulation & Output: 

 The project includes simulation models and output plots that illustrate the behavior of vibration signals under different 

rail conditions. Simulation diagrams (to be inserted from the PDF) demonstrate the system flow from sensing to cloud 

transmission, while output graphs show how vibration patterns differ between normal, worn, cracked, and misaligned tracks. 

These visual results validate the effectiveness of the ML-based classifier and help compare predicted conditions against actual 

vibration signatures. 
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5. Hardware Implementation: 

A. Overview: 

 The hardware implementation of the proposed system focuses on developing a compact, cost-effective, and reliable IoT-

based monitoring unit for railway track condition assessment. The system integrates a vibration sensing module, microcontroller 

unit, and power supply system to continuously acquire and transmit rail vibration data. The hardware architecture ensures real-

time data acquisition, efficient signal processing, and seamless communication with the cloud platform.  

B. NodeMCU (ESP8266): 

 The NodeMCU based on the ESP8266 microcontroller serves as the core processing unit of the system. It is responsible 

for reading sensor data, processing signals, and transmitting the information to the cloud via Wi-Fi. 

Key Features: 

 Built-in Wi-Fi module for wireless communication 

 32-bit microcontroller with high processing capability 

 Analog-to-Digital Converter (ADC) for sensor interfacing 

 Low power consumption and compact size 

 The ESP8266 continuously collects analog data from the accelerometer, converts it into digital form, and sends it to the 

ThingSpeak cloud platform using HTTP protocols. 

C. MEMS Accelerometer (ADXL335): 

 The ADXL335 is a low-cost, high-sensitivity MEMS-based accelerometer used for vibration detection. It measures 

acceleration along three axes (X, Y, Z), enabling accurate detection of rail vibrations. 

Key Features: 

 Measures acceleration in 3 axes 

 High sensitivity to detect micro-level vibrations 

 Low power consumption 

 Analog output for easy interfacing 

 The sensor captures vibration signals generated by rail movement and structural irregularities. These signals vary 

depending on track conditions such as cracks, misalignment, or wear, making it a critical component for fault detection.  

D. Power Supply Unit: 
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The power supply unit provides a stable DC voltage required for the proper operation of all hardware components. 

Components Used: 

 Step-down transformer 

 Bridge rectifier 

 Filter capacitor 

 Voltage regulator (e.g., AMS1117) 

Working: 

 AC supply is stepped down using a transformer 

 Rectifier converts AC to DC 

 Filter removes ripples 

 Voltage regulator provides constant output voltage 

This ensures reliable operation of the ESP8266 and sensor without fluctuations.  

E. Circuit Diagram: 

 The circuit diagram illustrates the interconnection between the accelerometer, microcontroller, and power supply unit. 

Connections: 

 ADXL335 outputs (X, Y, Z) → ESP8266 ADC input 

 Power supply → ESP8266 & sensor 

 ESP8266 Wi-Fi → ThingSpeak cloud 

F. Hardware Working Principle: 

 
The hardware system operates in a continuous loop: 

 The ADXL335 sensor detects rail vibrations 

 Analog signals are sent to ESP8266 

 ESP8266 converts signals using ADC 

 Data is transmitted via Wi-Fi to cloud 

 Cloud stores and visualizes the data 

This real-time process enables continuous monitoring and early fault detection in railway tracks. 

G. Advantages of Hardware Design: 

 Low-cost and scalable system 

 Real-time monitoring capability 

 Compact and easy to install 

 Low power consumption 
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6. Results and Discussion: 

 The proposed vibration-based rail health monitoring system was evaluated using real-time sensor data collected through 

the ADXL335 accelerometer and processed via MATLAB’s machine learning workflow. The ML model demonstrated strong 

capability in distinguishing normal vibration patterns from those associated with early-stage structural defects. By analysing both 

time-domain and frequency-domain characteristics, the system was able to capture subtle variations that are typically overlooked 

during manual inspections. This confirms that high-frequency vibration data serves as a reliable indicator of track health. 

 The system successfully identified multiple types of faults with high accuracy. Micro cracks produced slight but 

consistent increases in vibration irregularities, which the model recognized through statistical feature variations. Track 

misalignment resulted in noticeable shifts in dominant frequency components, helping the classifier detect alignment deviations. 

Wear-induced increases in vibration amplitude were also captured effectively, signalling progressive deterioration in rail surface 

quality. Additionally, abnormal spikes caused by looseness in track joints were clearly visible in the raw and filtered signals, 

allowing the ML algorithms to distinguish them from regular noise. 

 Simulation graphs and analytical plots generated during testing further validate the system’s performance. The vibration 

signatures of healthy tracks showed smooth, stable patterns with predictable frequency peaks, whereas defective tracks displayed 

sudden spikes, uneven frequency distributions, and higher RMS values. These visual variations provided strong evidence that the 

ML model’s predictions align closely with the actual physical behavior of the rails, confirming the robustness of the detection 

pipeline. 

 Overall, the results indicate that the IoT-based vibration monitoring system is well-suited for continuous, real-time rail 

condition analysis. By providing early-warning indicators for cracks, misalignment, wear, and structural looseness, the system 

helps railway authorities shift from traditional periodic inspections to a more proactive and predictive maintenance strategy. This 

not only enhances operational safety but also reduces maintenance costs and improves the long-term reliability of railway 

infrastructure. 

7. Conclusion: 

 The developed system provides a robust, efficient, and fully automated solution for continuous monitoring of railway 

track health using IoT-based sensing and machine learning analytics. By leveraging high-frequency vibration data, the framework 

overcomes the limitations of traditional manual inspections, which are often slow, labor-intensive, and prone to human error. The 

combination of real-time data collection and intelligent classification ensures that even early-stage defects-often invisible during 

routine checks-can be detected promptly and reliably. 

 The integration of the ADXL335 accelerometer, ESP8266 microcontroller, ThingSpeak cloud platform, and MATLAB 

analytics enables seamless data flow from sensing to prediction. Each component contributes significantly to system performance: 

the sensor captures subtle vibration variations, the microcontroller ensures stable transmission, ThingSpeak manages real-time 

storage and visualization, and MATLAB provides advanced preprocessing and machine learning capabilities. Together, these 

modules create a compact and scalable architecture suitable for deployment across long and complex railway networks. 

 Experimental results demonstrate that the system accurately identifies critical rail conditions such as cracks, 

misalignment, structural wear, and loosened joints. By recognizing these defects early, the framework enables predictive 

maintenance strategies that reduce downtime and improve operational efficiency. The clear distinction between healthy and 

defective vibration signatures further validates the reliability of the machine learning models and highlights the effectiveness of 

vibration-based diagnostics. 

 In conclusion, this IoT-driven rail monitoring system represents a significant step toward modernizing railway safety 

infrastructure. Its low cost, scalability, and real-time fault detection capabilities make it well suited for large-scale implementation 

in both urban and rural transportation systems. The project demonstrates how combining embedded systems, cloud computing, 

and ML analytics can enhance safety, reduce maintenance expenses, and support the development of smarter and more resilient 

railway networks. 

8. Future Scope: 

 Integration with train-mounted sensor units: Sensors can be installed directly on moving trains to collect vibration data 

during regular operations, enabling full-length track monitoring without additional inspection runs. 

 Real-time fault alerts via GSM/LTE: Adding mobile communication modules will allow instant SMS or network-based 

alerts to maintenance teams whenever abnormal vibration patterns or critical defects are detected. 

 Solar-powered sensor nodes: Deploying solar-powered units will support long-term monitoring in remote areas, reduce 

maintenance effort, and ensure uninterrupted system operation without external power sources. 

 Advanced deep learning models (CNN/LSTM): Implementing deep learning architectures can significantly improve 

defect detection accuracy and enable the system to learn complex vibration signatures over time. 

 Large-scale deployment in Indian Railways: With further testing and optimization, the system can be expanded across 

major railway routes, supporting nationwide predictive maintenance and enhancing overall transportation safety. 
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